The folding of the human cerebral cortex is highly complex and variable across individuals, but certain common major patterns of cortical folding do exist. Mining such common patterns of cortical folding is of great importance in understanding the inter-individual variability of cortical folding and their relationship with cognitive functions and brain disorders. As primary cortical folds are mainly genetically influenced and are well established at term birth, neonates with minimal exposure to the complicated postnatal environmental influences are ideal candidates for mining the major patterns of cortical folding. In this paper, we propose a sulcal-pit-based method to discover the major sulcal patterns of cortical folding. In our method, first, the sulcal pattern is characterized by the spatial distribution of sulcal pits, which are the locally deepest points in cortical sulci. Since deep sulcal pits are genetically related, relatively consistent across individuals, and also stable during brain development, they are well suited for representing and characterizing the sulcal patterns.
suggest that Einstein's cortical folding pattern is unique (e.g., lacking of the asymmetry of parietal gyri, absent parietal opercula, and expended inferior parietal lobules) and related to his intellectual strengths and weaknesses (Witelson, Kigar, & Harvey, 1999) ; while other studies argue that Einstein's cortical folding pattern is not significantly different at all (Falk, Lepore, & Noe, 2013) . Such arguments are difficult to settle unless the major categories of cortical folding patterns are discovered based on a large number of subjects.
Therefore, discovered cortical sulcal folding patterns will be useful in the following applications. First, they can be used to help build multiple folding-pattern-specific cortical atlases, which will lead to boosted accuracy in cortical surface registration and subsequent analysis, just as using region-specific atlas to boost accuracy in brain MRI segmentation (Shi et al., 2010) . Second, they can help examine the relationship between folding patterns and cognitive functions or genders. For example, one can study whether a specific sulcal pattern correlates with distinct cognitive abilities and behaviors. Third, they can also be used to examine whether a specific sulcal pattern is highly correlated with specific neurodevelopmental disorders, thus severing as biomarkers.
Mining the major cortical folding patterns is very challenging. First, a large-scale dataset is required, as small datasets may not be able to sufficiently cover all kinds of major cortical patterns and may lead to biased results. However, it may take many years to collect enough subjects to build a large-scale dataset. Second, the morphology of the cerebral cortex is so complex and variable across individuals that it is quite difficult to quantitatively and comprehensively characterize the folding patterns.
Some geometric metrics such as mean curvature, sulcal depth (Li et al., 2014b; Van Essen, 2005) , local gyrification index (Li et al., 2014c; Schaer et al., 2012) , shape index (Koenderink & van Doorn, 1992) , and surface complexity index (Kim et al., 2016) have been widely used to quantitatively measure the folding shapes and folding degree. These geometric metrics are good at capturing local detailed traits of cortical surfaces, but they are very sensitive to the minor folding and shallow sulcal variance, without encoding high-level contextual information, thus making them inapplicable for identifying the major folding patterns.
To investigate the patterns of cortical folding using MRI, a cortical folding clustering approach has been proposed (Sun, Riviere, Poupon, Regis, & Mangin, 2007) , which used 3D moment invariants to represent each sulcus and used the agglomerative clustering algorithm to group major sulcal patterns in 150 adult brains. To overcome the limited representation capability of 3D moment invariants, a more representative descriptor was proposed in (Sun, Perrot, Tucholka, Riviere, & Mangin, 2009) , where the similarity between the corresponding sulci of two individuals were defined by their geometric distance after they were aligned by the affine registration. This method was applied to a dataset of 62 adult brains, and found three patterns in the left superior temporal sulcus, four patterns in the left cingulate region, and three patterns in the left inferior frontal gyrus. However, since this method highly relies on the affine registration, using the distance between two aligned cortical sulci as a similarity metric is very sensitive to the shape of cortices. Later on, an atlas-based method was proposed to study the folding patterns in the left inferior frontal sulcus (Coulon, Fonov, Mangin, & Collins, 2012) .
Specifically, this method used the nonlinear registration to align the cortical surfaces and measured their similarity based on six reference points, which were manually selected on the cortical surface atlas. This method was applied to a dataset of 151 brains and detected five major sulcal patterns in the left inferior frontal sulcus. But the usage of the atlas may introduce biases, and the six manually selected reference points are too simple to comprehensively characterize the folding patterns.
Recently, sulcal pit-based methods were proposed to study the cortical folding variability (Auzias, Brun, Deruelle, & Coulon, 2015; Im et al., 2010; Im et al., 2011; Im et al., 2013; Lohmann, von Cramon, & Colchester, 2008; Meng, Li, Lin, Gilmore, & Shen, 2014; Regis et al., 2005) and achieved meaningful results. Sulcal pits are the locally deepest points on the cerebral cortex, as shown in Figure 1 . Sulcal pits have been suggested to be genetically influenced and closely related to the functional areas (Im et al., 2010; Lohmann et al., 2008; Regis et al., 2005) , and proposed to be the first occurrences of cortical folds during the cortical folding development (Im et al., 2011) . Although sulcal folding is highly variable across individuals, the spatial distribution of sulcal pits is relatively consistent, so sulcal pits are well suited to be reliable landmarks for characterizing sulcal folds. However, sulcal pits have not been adopted for discovering cortical folding patterns.
Inspired by these studies, this paper proposes a novel method to leverage reliable deep sulcal pits and their spatial connections to characterize the cortical folding for discovering the major sulcal patterns from a large-scale dataset of neonatal brains (N 5 677). To the best of our knowledge, this is the first time to mine major sulcal patterns from a large neonatal dataset. The motivation of using a neonatal dataset is that all primary cortical folding is genetically determined and has been established at term birth (Hill et al., 2010; Li et al., 2013) ; hence, neonates, which are minimally affected by the complicated postnatal environmental factors, are the ideal candidates for discovering the major folding patterns. This is very important for better understanding the biological relationships between cortical folding and brain functional development or neurodevelopmental disorders rooted during infancy.
In the proposed method, first, sulcal pits are extracted using a modified watershed algorithm based on sulcal depth (Meng et al., 2014) and then represented using a sulcal graph. Second, the difference between sulcal pit distributions of any two cortices was computed based on six complementary measurements, that is, sulcal pit position, sulcal pit depth, ridge point depth, sulcal basin area, sulcal basin boundary, and sulcal pit local connection, thus resulting in six complementary matrices. Third, these six matrices were further converted to six similarity matrices, and then adaptively fused as one comprehensive similarity matrix using a similarity network fusion technique (Wang et al., 2014a) , to preserve their common information and also capture their complementary information. Finally, based on the fused similarity matrix, a hierarchical affinity propagation clustering algorithm was performed to group sulcal graphs into different clusters. The proposed method was applied to 677 neonatal brains, which, to our best knowledge, is the largest dataset in all existing studies of cortical folding patterns. Experimental results revealed multiple distinct and meaningful folding patterns in several cortical regions, including the central sulcus, superior temporal sulcus, and cingulate sulcus. Subjects were excluded if the fetal ultrasound was abnormal or the mother had major medical diseases or psychiatric illness. The subjects in the study did not have any congenital anomaly, metabolic disease or focal lesion. Before scanning, the infants were fed, swaddled, and fitted with ear protection, and none of them was sedated. This study uses 677 term-born neonates, including 52% males and 48% females. The basic demographic information can be seen in Table 1 . More information of this study cohort can be found in .
| M A TE RI A L S A ND M E TH ODS

| Subjects and MR image acquisition
Both T1-weighted and T2-weighted brain MR images from 677 term-born neonates were acquired on a Siemens head-only 3T scanner with a circular polarized head coil. T1-weighted MR images with 160 sagittal slices were acquired with a 3D magnetization-prepared rapid gradient echo (MPRAGE) sequence, using the parameters: 
| Image processing and cortical surface mapping
All MR images were processed by the UNC Infant Cortical Surface Pipeline (Li et al., 2015 . First, skull, cerebellum and brain stem were automatically stripped and removed . Second, the intensity inhomogeneity of MR images was corrected using N3 method (Sled, Zijdenbos, & Evans, 1998) . Third, each image was rigidly aligned to the neonatal brain atlas (Shi et al., 2011) . Fourth, tissue segmentation of MR images was performed by an infant-specific levelsets method (Wang et al., 2014b) . Fifth, non-cortical structures were automatically masked and filled, and each brain was further separated into left and right hemispheres.
To reconstruct cortical surfaces, first, for each hemisphere, topology defects of white matter were automatically corrected (Hao, Li, Wang, Meng, & Shen, 2016) , and the cerebrospinal fluid in tight sulcal regions was recovered by an anatomically consistent enhancement method (Han et al., 2004) . Second, the inner surface was reconstructed by tessellating the corrected white matter as a triangular mesh. Third, the outer surface was reconstructed by deforming the inner surface outwards while keeping its initial topology and spatially-adaptive smoothness (Li et al., 2014a) . Fourth, the sulcal depth of each vertex was computed as the shortest distance from the vertex to the cerebral hull surface (Li et al., 2014b) . Fifth, all cortical surfaces were mapped onto a standard sphere using FreeSurfer (Dale, Fischl, & Sereno, 1999; Fischl, 2012) . All spherical cortical surfaces were nonlinearly registered onto the UNC 4D Infant Cortical Surface Atlas (https://www.nitrc.org/projects/infantsurfatlas) using Spherical Demons (Yeo et al., 2010) . Each registered spherical surface was resampled using a standard mesh tessellation with 163,842 vertices, thus a vertex-to-vertex correspondence was built between any two cortical surfaces. Note that, for our neonatal studies, tissue segmentation, cortical surface reconstruction and analysis are mainly based on T2w images, as T2w images have much better tissue contrast than T1w images.
| Discovery of major sulcal patterns in neonates
The overview of the proposed method for discovering major sulcal patterns is illustrated in Figure 2 . First, sulcal pits are extracted. Second, a graph-based shape representor, namely sulcal graph, is constructed for a certain region in each cortical surface based on sulcal pits. Third, the similarity between any pair of sulcal graphs is measured from six complementary aspects. Fourth, to capture both the common information and the complementary information, the six metrics are adaptively fused together. Finally, sulcal graphs are clustered into different groups based on the fused similarity matrix. More details of each step will be introduced next. 
| Sulcal pits extraction
Deep sulcal pits were extracted from each cortical surface. The motivation of using deep sulcal pits as reliable landmarks for characterizing sulcal folding is that deep sulcal pits are relatively spatially consistent across individuals (Im et al., 2010; Lohmann et al., 2008; Meng et al., 2014) , though the human cerebral cortex is highly variable across individuals. The deep sulcal pits were extracted by using an infant-specific method (Meng et al., 2014) . Specifically, each cortical surface was partitioned into small basins using a watershed method based on the sulcal depth map, and the extremely small/noisy basins were removed by a group of brain-size-adaptive filters. Finally, the deepest point of each basin was identified as a sulcal pit.
| Sulcal graph and similarity measurement
Based on sulcal pits, a sulcal graph is used to characterize the sulcal folding pattern in each individual as in (Im et al., 2011) . Herein, a sulcal graph is built based on the sulcal pits and their spatial neighboring relationships. Specifically, each sulcal pit is defined as a node in the sulcal graph, and two nodes are linked by an edge if their corresponding sulcal basins are spatially connected on the cortical surface.
To compare the similarity of two sulcal graphs, their difference is measured using multiple metrics from the spatial, geometrical and topological points of view. Specifically, six distinct metrics are computed according to the sulcal pit position, sulcal pit depth, sulcal basin area, sulcal basin boundary, sulcal pit local connection, and ridge point depth.
Each of them is described in detail as follows.
Sulcal pit position
Given each sulcal pit i in a sulcal graph P, its corresponding sulcal pit is found in a sulcal graph Q. Because all cortical surfaces have been aligned onto a spherical surface atlas, its closest sulcal pit in Q can be approximately treated as the corresponding sulcal pit of i. The position difference between the sulcal pit i in P and its corresponding sulcal pit in Q, noted as d i , is measured using their geodesic distance on the spherical surface. Similarly, the position difference between a sulcal pit j 2 Q and its corresponding sulcal pit in P is computed as d j . Then the difference between sulcal pit positions of P and Q is computed as:
where V P and V Q are the numbers of sulcal pits in P and Q, respectively.
Sulcal pit depth
For each subject, the sulcal depth map is normalized by dividing by the maximum depth value of the cortical surface, to reduce the effect of the brain size variation. The depth difference between each sulcal pit i 2 P and its corresponding sulcal pit in Q is denoted as h i . Similarly, the depth difference between each sulcal pit j 2 Q and its corresponding sulcal pit in P is denoted as h j . Then, the difference between P and Q in terms of sulcal pit depth is defined as:
Ridge point depth
Ridge points are the locations where two sulcal basins meet. And the depth of the ridge point is an important indicator for distinguishing sulcal patterns. The difference between the average ridge point depths of sulcal graphs P and Q is computed as:
where E P and E Q are the numbers of edges in P and Q, respectively, e is the edge connecting two sulcal pits, and r e is the normalized sulcal depth of ridge points in the edge e.
Sulcal basin area
To reduce the effect of surface size variation across subjects, the area of each basin is normalized by dividing by the area of the whole cortical surface. Let s i denote the area difference between the basins of sulcal FIG URE 2 Overview of the proposed method for discovering major sulcal patterns. M1-M6 denote 6 different similarity measurements, which will be nonlinearly fused into a comprehensive one, M [Color figure can be viewed at wileyonlinelibrary.com] pit j 2 P and its corresponding sulcal pit in Q, and s j denote the area difference between the basins of sulcal pit j 2 Q and its corresponding sulcal pit in P. The area difference between sulcal basins of graphs P and Q is defined as:
Sulcal basin boundary A vertex is treated as a boundary vertex of a sulcal basin if any of its neighboring vertices belongs to a different basin. Given two corresponding sulcal pits i 2 P and i ' 2 Q, the sets of their sulcal basin boundary vertices are denoted as B i and B i ' , respectively. For any boundary vertex a 2 B i , its closest vertex a' is found from B i ' ; and similarly for any boundary vertex b ' 2 B i ' , its closest vertex b was found from B i . Then, the difference between the sulcal basin boundaries of sulcal pits i 2 P and i ' 2 Q is defined as:
where N B i and N B i ' are the numbers of vertices in B i and B i ' , respectively; and the function dis(,) computes the geodesic distance between two vertices on the spherical surface atlas. The difference between the sulcal basin boundaries of pit j 2 Q and its corresponding pit j ' 2 P is defined similarly. Then, the difference between sulcal basin boundaries of graphs P and Q is the average boundary difference over all corresponding sulcal pit pairs, as formulated below:
Sulcal pit local connection
The difference of sulcal pit local connection measures how well the distance between two neighboring sulcal pits in a graph is preserved after mapping them to another graph. For a sulcal pit i 2 P, assume k 2 P is one of its spatially connected sulcal pits, and their corresponding sulcal pits in graph Q are respectively i' and k'. The changes of their local connection after mapping sulcal pit i 2 P to graph Q are measured by:
where G i is the set of all sulcal pits that connect to i, and N Gi is the number of sulcal pits in G i . The change of local connection when mapping a pit j 2 Q to graph P is measured similarly. Thus, the difference between local connections of two graphs P and Q is defined as:
| Fusion of sulcal graph similarities
Given N sulcal graphs from all subjects, any two of them are compared using the above six metrics, so a N3N difference matrix is constructed for each metric. Each metric measures the inter-individual difference of sulcal graphs from a different point of view, and thus provides complementary information to each other. To leverage all these information, a similarity network fusion (SNF) method (Wang et al., 2014a ) is employed to adaptively integrate all six metrics together. SNF can simultaneously keep the shared information and capture the complementary information from different measurements. To perform SNF, each difference matrix is normalized by its maximum element, and then transformed into a similarity matrix as:
where l is a scaling parameter; M could be any of the above six matrices; U x and U y are respectively the average values of the smallest K elements in the x-th row and y-th row of M. Finally, six similarity matrices are nonlinearly fused together as a single similarity matrix by using SNF with t iterations. The parameters are set as l50:8, K530, and t520 as suggested in (Wang et al., 2014a ).
| Sulcal pattern clustering
To cluster sulcal graphs into different groups based on the fused similarity matrix, the Affinity Propagation Clustering (APC) algorithm (Frey & Dueck, 2007 ) is adopted. Although there are some other clustering algorithms such as K-Means or Spectral Clustering algorithm (von Luxburg, 2007), they require users to explicitly choose a cluster number, which is not known for sulcal patterns. Because APC could automatically determine the number of clusters based on the natural characteristics of data, it is more suitable here over other clustering algorithms.
However, since sulcal folding patterns are extremely variable across individuals, too many clusters would be identified after performing APC, making it difficult to observe the most important major patterns.
Therefore, a hierarchical APC framework is proposed to further group the clusters. Specifically, after running APC, the exemplars of all clusters are treated as a new dataset to perform another APC. With the exemplars being merged into the new clusters, their corresponding old clusters are also merged. In this way, less clusters are generated. However, as the old clusters merge, the previous exemplars may be no longer representative for the new clusters. Thus, a new exemplar is selected for each new cluster by maximizing the average similarity to all the other samples in the cluster. These steps can be repeated until the cluster number reduces to an expected level (<55).
| RE SUL TS
Sulcal pits were extracted from 677 neonatal cortical surfaces. To demonstrate the validity of the proposed method, three representative cortical regions (i.e., central sulcus, superior temporal sulcus, and cingulate sulcus) were selected for exploring the major sulcal patterns. For each cortical region, a 677 3 677 similarity matrix was computed using SNF and all subjects were then clustered into different groups by the hierarchical APC. To visually inspect the major sulcal patterns, an average cortical surface was constructed for each cluster. All sulcal pits in each cluster were further mapped onto the average surfaces.
For the central sulcus, three distinct folding patterns were identified, as shown in Figure 3 . In pattern (a), two concentration areas of nomenon is likely related to the "hand knob shift" in a study of the central sulcus shape in adults (Sun et al., 2012) . Previously, different studies reported either two (Meng et al., 2014) or three (Im et al., 2010) sulcal basins in the central sulcus. Herein, we can see that both two-basin and three-basin patterns are the major patterns of sulcal folding in the central sulcus.
For the superior temporal sulcus (STS), three distinct folding patterns were identified, as shown in Figure 4 . In pattern (a), the distribution of sulcal pits in the posterior portion of STS is more diffused and bended, compared to patterns (b) and (c), indicating the differences in the folding shape of STS. This is supported by a previous cortical folding study on adults, which reported a Y-shaped STS for some brains while a single long STS for other brains (Sun et al., 2009) For the cingulate sulcus, four distinct major folding patterns were identified, as shown in Figure 5 . In pattern (a), a single long cingulate sulcus is clearly shown, while in pattern (b) two long parallel sulci are observed. This is consistent with the previous cortical folding pattern study in adults (Sun et al., 2009) , which reported observation of two cingulate sulci in some brains. A study of autopsy specimen brains also reported that 24% left hemispheres had double parallel cingulate sulci (Ono et al., 1990) . In pattern (c), the cingulate sulcus is interrupted in the anterior region; in contrast, in pattern (d), the cingulate sulcus is interrupted in the posterior region. These two types of interruption were also reported in (Ono et al., 1990) . In the pattern (c) and the pattern (d), some parallel sulci can also be observed, but they are much shorter than those in pattern (b).
To evaluate the reliability of the proposed method, the experiments were repeated 40 times with each time randomly excluding 5% 10% subjects. For the most of the time, the proposed method reports the same number of major patterns as shown in Figures 3-4, and 5, but sometimes one more or less pattern is reported. First, the proposed method tends to discover 3, 3, and 4 major sulcal patterns in the central sulcus, superior temporal sulcus, and cingulate sulcus, respectively. Second, the proposed method is more stable in the that the proposed method is reliable for detecting these major sulcal patterns. It is worth noting that, if spectral clustering algorithm is used (instead of hierarchical affinity propagation in the last step of the proposed method) and also the certain number of clusters is given, the discovery rates for all major patterns could reach 100%. This may suggest that (1) the sulcal graph-based pattern similarity measurement is sufficiently stable and (2) although hierarchical APC is able to automatically determine the number of patterns, it may not be as stable as spectral clustering algorithm. Thus, in order to discover major sulcal patterns, the proposed method could be performed multiple times in a manner of cross validation, and then the majority of results can be selected as the final results.
| D ISCUSSION
| Differences with previous studies
On one hand, our method discovered major patterns in the central sulcus, superior temporal sulcus, and cingulate sulcus in neonates that exhibit many consistencies with the previous studies of adults. On the other hand, the proposed method also reveals new patterns.
To the best of our knowledge, this is the first report that explicitly identifies three different sucal patterns in the central sulcus. One previous study of the central sulcus patterns reports that the central sulcus morphology is handedness-related (Sun et al., 2012) , and one or double "hand-knob" may appear in different positions of the central sulcus.
However, this study does not categorize the central sulcus folding patterns. Even in another study of building the dictionary of brain folding patterns (Sun et al., 2009) , the sulcal patterns were not categorized for the central sulcus. Both of these two studies use the same method to measure the similarity between sulcal patterns. In particular, this method scales and rigidly aligns the local cortical surface of the central sulcus of different brains, and computes the distance between two aligned local surfaces as their similarity. If this similarity measurement is used to cluster the central sulcal patterns, the results would be quite different from the results reported above. For example, as shown in Figure 6 , using the method in (Sun et al., 2009) , two patterns in (a) and (b) will be grouped into the same cluster, and also two patterns (c) and (d) will be grouped into another cluster. This is because the distance measurement treats every vertex in the central sulcus equally and reflects the similarity between the entire shapes of the central sulcus.
However, the proposed sulcal graph-based method will group patterns (c) and (d) into a cluster, because each of them has two sulcal basins (or sulcal pits); while patterns (a) and (d) will be separated, because each of them has three sulcal basins (or sulcal pits) and the boundary location between the pink and blue basins is quite different. In the superior temporal sulcus, the proposed sulcal graph-based method reports a newly discovered major pattern, which exhibits a sulcal basin at the temporal pole. On the contrary, the method in (Sun et al., 2009 ) is not able to discover this pattern, because of the same reason as discussed above.
| Number of clusters
The hierarchical APC algorithm utilized in the proposed method automatically determines the number of patterns. In order to validate the clustering method and as well as the number of clusters, another advanced clustering algorithm, namely spectral clustering, is also applied onto the fused similarity matrix to group the sulcal graphs into different number of clusters. 
| Biological meanings of sulcal patterns
Although we have successfully identified representative sulcal folding patterns in several regions, the underlying mechanisms of forming such variable folding patterns still remain unclear, but likely relate to cellular variability among individuals. For example, it has been suggested that the cortical structural connectivity by white matter axons is the major driving force of the cortical folding (Nie et al., 2012; Van Essen, 1997 
| SU M M A R Y
Cortical folding is an important attribute of the cerebral cortex and links to cognitive functions and neurological disorders. This paper proposed a new method for discovering major sulcal patterns in the specific cortical regions by using sulcal pits formed graphs from a largescale dataset of neonates. The proposed method first built a sulcal graph of a certain cortical region for each subject based on the local sulcal pits distribution, and then the similarity between any two sulcal graphs were measured in six different ways, thus forming six similarity matrices. To capture both the common and complementary information in these six similarity matrices, they were further nonlinearly fused together. Finally, the fused similarity matrix was fed to the hierarchical APC, to categorize the cortical regions into different classes of major sulcal patterns. The proposed method was validated on a dataset from 677 neonatal brains, and meaningful major sulcal patterns were revealed from the central sulcus, superior temporal sulcus, and cingulate sulcus. These results may suggest that it is needed to construct multiple representative cortical folding atlases for each region for better spatial normalization of individuals.
There are three possible directions to further extend our study.
The first direction is to test the proposed method in more cortical regions. Currently, only three cortical regions are explored for discovering the major sulcal pattern, but, in order to establish a complete dictionary of major sulcal patterns, more cortical regions are expected to be explored. The second direction is to study the sulcal folding patterns in relation to structural connectivity and cognitive functions. The third direction is to develop methods for discovering the gyral patterns. Sulci and gyri are the two important structures of the cerebral cortex. However, the proposed sulcal graph-based method is not applicable to discovering gyral patterns, as sulcal pits exist only in deep sulcal basins.
ACKNOWLEDGMENTS
This work was supported in part by NIH grants (MH100217, MH108914, MH107815, MH109773, MH110274, MH070890, MH064065 and HD053000).
ORCID
Yu Meng
http://orcid.org/0000-0003-0013-2102
